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Abstract— Sleep Apnea is a recognize of abnormal 

breathing activities and limb movements on frequent 

disorder with detrimental health, performance and safety 

effects. The diagnosis of the disorder is mostly expensive. In 

this method we detect the four main features of respiratory 

signal. The automatic signal classification starts by 

extracting signal features from a 1 minute data segment 

through autoregressive modeling (AR) and other techniques. 

Four features are: signal energy, zero crossing frequency, 

dominant frequency estimated by AR and strength of 

dominant frequency based on AR. These features are then 

compared to threshold values and introduced to a series of 

conditions to determine the signal category for each specific 

feature.      

Key words: Autoregressive Modeling, SLEEP APNEA, 

Obstructive sleep apnea  

I. INTRODUCTION 

Respiration monitors are of crucial importance in providing 

timely information regarding pulmonary function in adults 

and the incidence of Sudden Infant Death Syndrome (SIDS) 

in neonates. However, to accurately monitor respiration, the 

noise inherent in measuring devices, as well as artifacts 

introduced by body movements must be removed or 

discounted. With the recent success of media in creating 

awareness about the importance of sleep and effects of sleep 

apnea the classifying algorithm should be easy to use and 

provide a fair prediction that must contribute to public 

health. One can imagine a multitude of intelligent 

classification algorithms that could help to reach better 

identification mechanism. For example an algorithm should 

be capable of classifying different types of signal with 

different characteristics feature. Such an algorithm has the 

potential to become major classification tool. There have 

been enormous growth in developing efficient algorithm for 

classification of the respiratory signals, the reduced 

computational steps, reduced number of parameters used, 

increasing the capability to differentiate the signals and easy 

to implement in hardware setup to provide clinical support. 

An efficient algorithm should adopt itself to any kind of 

signals; it should not have any static rules for classifying the 

given input signal.  

This work shows a simple method for respiratory 

signal classification using a MATLAB coding. It describes 

an automatic classification algorithm using features derived 

from the autoregressive modeling and threshold crossing 

schemes that was used to classify respiratory signals into the 

following categories: 

 normal respiration,  

 respiration with artifacts  

 sleep apnea.  

This classification is capable of detecting fatigue of 

the human by identifying sleep apnea, early detection of 

sleep troubles and disorders in groups at risk, reduces the 

risks of being affected by serious heart diseases in future. 

The main contribution of this paper is the analysis of signals 

those are necessary for classification of the respiratory 

signals which yields not only the classification but also the 

analysis of various ailments.  

Results in indicate that respiratory signals alone are 

sufficient and perform even better than the combined 

respiratory and ECG signals. Respiratory signals are 

convenient to measure because they do not require 

electrodes on the skin, and people may wear the sensors for 

periods of several days and weeks. An apnea detection 

method based on spectral analysis was discussed in detail . 

In the possibility of recognizing obstructive sleep apnea 

based on beat-by-beat features in ECG recordings was 

studied. It was also explored the application of time- varying 

autoregressive models and KNN linear classifier. A 

classification scheme of respiratory signal based on fuzzy 

logic was proposed. The paper proposes an implementation 

of automatic classification of respiratory signals using a 

Field Programmable Gate Array (FPGA). The main novelty 

in is that the phase difference between the two respiration 

signals is considered in order to determine the presence and 

grade of obstructive apnea. The work in shows that the 

interval between zero crossings gives a good estimation of 

its frequency with reduced computational effort. The 

utilization of a second order autoregressive (AR) model to 

extract the dominant frequency and quantify its strength was 

discussed. 

II. SLEEP APNEA 

Sleep apnea is a serious sleep disorder that occurs when a 

person's breathing is interrupted during sleep. People with 

untreated sleep apnea stop breathing repeatedly during   

their  sleep, sometimes  hundreds  of  times.This means the 

brain and the rest of the body  may  not  get  enough  

oxygen.  

Classification  of sleep apnea: 

A. Obstructive Sleep Apnea (OSA):  

The more common of the two forms of apnea, it is caused by 

a blockage of the airway, usually when the soft tissue in the 

back of the throat collapses during sleep. 

B. Central Sleep Apnea:  

Unlike OSA, the airway is not blocked, but the brain fails to 

signal the muscles to breathe due to instability in the 

respiratory control centre. 

C. Mixed Sleep Apnea:  

It is a combination of obstructive and central apnea . 

III. OBSTRUCTIVE SLEEP APNEA 

Obstructive Sleep Apnea (OSA) is a condition with severe 

complications including reduction in cognitive function, 

cardiovascular disease, stroke, fatigue, and excessive day 
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time sleepiness. OSA is characterized by repetitive 

obstruction of the upper airways during sleep, resulting in 

oxygen desaturation and frequent arousal events, 

characterized by violent awakening. Although OSA affects 

around 4% of men and 2% of women, the majority of 

affected individuals, perhaps 80–90% remains undiagnosed. 

A popular cost-effective, less invasive alternative combines 

pulse oximetry to measure blood oxygen saturation levels 

[SpO2] and heart rate with infrared (IR) video monitoring. 

The clinician identifies suspicious areas on the pulse 

oximetry trace (defined by a dip of more than 4% in the 

oxygen saturation level) and reviews the corresponding 

video data to reach a diagnosis. However, the pulse 

oximetry traces of some OSA patients do not show all the 

abnormalities, forcing the clinician to review a significant 

amount of the video data. To reduce the workload, some 

existing video systems try to detect patient movement, 

utilizing patterned sheets and IR light to detect gross degrees 

of motion, which at least identifies periods of activity, even 

if it does not identify what the activities are. However, if the 

patterned cover is removed by the patient, the system fails. 

There is thus a growing interest in alternative, more robust, 

automated approaches to the diagnostic assessment of OSA. 

IV. NEED OF RESPIRATORY SIGNAL 

The traditional methods for assessment of sleep related 

breathing disorders are sleep studies with the recordings of 

ECG, EEG, EMG and respiratory effort. Sleep apnea 

detection with ECG recordings requires more number of 

electrodes on the skin and people may wear it continuously 

for effective monitoring. EEG measurement can also be 

used for the detection of sleep apnea but the brain signals 

are always random in nature. For the complete detection, we 

need more number of samples for analysis. Also, the 

mathematical modeling of EMG signals is very complex for 

sleep apnea detection. From the results in  the respiratory 

signals alone are sufficient and perform even better than 

ECG, EEG and EMG. In our paper, we consider only the 

respiratory signal for the detection of sleep apnea since it is 

more convenient and do not require more number of 

electrodes on the skin.  

The human respiratory signal as shown in classified 

into three major classifications namely,  

 Normal respirations.   

 Motion artifacts.  

 Sleep apnea.   

 
Fig. 1: Human Respiratory Signal 

A. Normal Respiration: 

The normal respiration is characterized by the presence of a 

certain rhythm and the presence of some energy level in the 

signal.  

B. Sleep Apnea: 

Apnea is easily classified as the absence of energy 

(ventilation activity) as well as a lack of rhythm. The 

respiration rate was below a critical level.  

C. Motion Artifact: 

Motion Artifact is generally characterized by a sudden 

increase in the amplitude of the signal and by a sudden 

variation in the rhythm of the heart usually has the higher 

energy when compared to the normal respiration. Motion 

artifacts are transient baseline changes caused by changes in 

the skin impedance. This type of interference represents an 

abrupt shift in base line due to movement of the patient 

while the respiratory signal is being recorded. 

V. BLOCK DIAGRAM FOR AUDIO SIGNAL ANALYSIS 

 
Fig. 2: Block Diagram for Audio Signal Analysis 

In this audio algorithm extracts several features of 

respiratory signals and utilized for disease identification. 

The feature extraction plays a vital role since the 

classification is completely based on the values of the 

extracted features. The fundamental features of respiratory 

signal provide the numerical value which is compared with 

the threshold values and the classification results will be 

produced. The fundamental features of respiratory signals 

are  

 Energy index   

 Respiration frequency estimated by a modified zero 

crossing scheme  

 Dominant frequency estimated by AR modeling   

 Strength of the dominant frequency estimated by 

AR modeling  

A. Energy Index: 

It defines the energy contained in the signal over time 

interval from t1 till t2. On the other hand, equation (2) 

defines the total energy contained in the signal. If the total 

energy of a signal is a finite non-zero value, then that signal 

is classified as an energy signal. Typically the signals which 

are not periodic turn out to be energy signals. The equation 

for computing energy index is, the average power of the 

signal x is defined as the energy per sample. 

B. Respiration Frequency: 

Zero-crossing is a commonly used term in electronics, 

mathematics, and image processing. In mathematical terms, 

a "zero-crossing" is a point where the sign of a function 

changes (e.g. From positive to negative), represented by a 

crossing of the axis (zero value) in the graph.  

Counting zero-crossings is a method used in speech 

processing to estimate the fundamental frequency of speech. 
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The interval between zero crossings gives a good estimation 

of its frequency. Similarly, respiration frequency was 

determined by counting the number of times that x(n) 

crosses a baseline which is defined as the square root of EI.  

C. Dominant Frequency (FAR): 

In order to obtain the features FAR and STR, coefficients of 

a second order AR model have to be estimated. The 

respiration signal can be modeled as a second order 

autoregressive model as the following,  

x(n)=a1 x(n-1)+a2 x(n-2) + e(n) 

Where e(n) is the prediction error and {a1,a2} are 

AR model coefficients. Autoregressive (AR) spectral 

estimation techniques are known to provide better resolution 

than classical periodogram methods when short segments of 

data are selected for analysis. In our study, we adopted the 

Burg's method to compute AR coefficients. The major 

advantage of Burg method for estimating the parameters of 

the AR model are high frequency resolution, stable AR 

model and it is computationally efficient.  

Using the second order autoregressive model 

coefficients, one can determine the dominant frequency and 

signal regularity strength as the following, Where fs is the 

sampling frequency. A sampling frequency of 20Hz was 

used for analysis.  

D. Strength of Dominant Frequency (STR): 

The AR coefficients were used to determine STR value as, 

Basically, FAR and STR serve the same purpose as power 

spectrum usually does, indicating the dominant frequency 

and its corresponding power level. The classification of the 

signal is based on derived parameters shown above and 

thresholds would be properly initialized to allow accurate 

classification. The degree of reliability of the respiration rate 

estimate was determined by STR, which have a value 

between 0 and 1. For very regular rhythm, STR is very close 

to 1 (as in the case of normal respiration). If STR is too low, 

then the rate estimates FAR and FZX are deemed to be 

unreliable.  

 To make this algorithm more robust, the threshold 

values of classification parameters can be obtained as 

follows. Take the respiratory samples for one minute (two 

epochs) and the system performs the same analysis on these 

two epochs and extracts nominal values for each of the 

classification parameters. Then these nominal values are 

used to adjust the threshold values as follows  low and high 

energy are 33% and 150% of average energy, low and high 

frequency are 50% and 150% of nominal frequency and low 

and high strength of dominant frequency are 75% and 95% 

of average strength. These values were determined 

experimentally.  

The normal breathing frequency for a human being 

is usually between 0.2-0.3Hz and maximum frequency is 

unlikely to exceed 0.7- 0.8 Hz. Hence these values are used 

as the minimum and the maximum threshold for the 

respiration rate. Using the square root of the energy index as 

the appropriate baseline value for zero crossing, the number 

of times the signal crosses the baseline value was recorded 

and the respiration frequency was detected from it. A 

moving baseline was used to allow for changes in the mean 

respiration level. The calculated energy index, the 

respiration rate, the dominant frequency and the strength of 

the signal were compared with the set threshold values and 

were classified as normal respiration, apnea or respiration 

with artifact. 

VI. SIMULATION RESULTS AND DISCUSSION 

A. Normal Breathing Signal Analysis: 

 
Fig. 3: The Signal in the Time Domain 

 
Fig. 4: Amplitude Spectrum of the Signal 

 
Fig. 5: Probability Distribution of the Signal 

B. Abnormal Breathing Signal Analysis: 

 
Fig. 6: The Signal in the Domain 
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Fig. 7: Amplitude Spectrum of the Signal 

 
Fig. 8: Probability Distribution of the Signal 

 Form the mathematical model of the input 

respiratory signal using second order auto 

regressive modeling.  

 Determine the various parameters of the derived 

mathematical model with the help of burgs 

algorithm.  

 Extract the four fundamental features of human 

respiratory signals with the help of the provided 

mathematical equations.  

 Compare the derived values with the optimum 

threshold values of the four fundamental features of 

the respiratory signal 

 Produce the classified results of the respiratory 

signals.  

VII. CONCLUSION 

This classifying algorithm with the help of matlab coding 

classifies the human respiratory signals into three major 

classifications such as normal respiration, motion artifacts 

and sleep apnea. The classification system is given with the 

human respiratory signal as the input, and the coding is 

developed in such way that it models the given signal as a 

mathematical equation using second order auto regressive 

model, then the parameters of the developed equation is 

determined with the help of burgs algorithm. Then the 

fundamental features of the respiratory signal such as energy 

index, respiration frequency, dominant frequency, strength 

of the dominant frequency were calculated. The determined 

values then compared with the optimum predetermined 

values of the fundamental features and the results were 

developed with the help of the comparison.respiration signal 

calculated normal versus abnormal both values calculated. 

REFERENCES 

[1] Walter Karlen, Claudio Mattiussi, and Dario 

Floreano, “Sleep and Wake Classification With 

ECG and Respiratory Effort Signals”, IEEE 

Transactions on Biomedical Circuits and Systems, 

Vol. 3, No. 2, April 2009.  

[2] Lorena S. Correa, Eric Laciar, Vicente Mut, Abel 

Torres,and Raimon Jané, “Sleep Apnea Detection 

based on Spectral Analysis of Three ECG - 

Derived Respiratory Signals” 31st Annual 

International Conference of the IEEE, EMBS, 

Minneapolis, Minnesota, USA, September 2009.  

[3] Martin O. Mendez, Davide D. Ruini, Omar P. 

Villantieri, Matteo Matteucci ,Thomas Penzel, 

Sergio Cerutti ,Anna M. Bianchi, “Detection of 

Sleep Apnea from surface ECG based on features 

extracted by an Autoregressive Model” 

Proceedings of the 29th Annual International 

Conference of the IEEE , EMBS, August 23-26, 

2007. International Journal of Computer Science & 

Emerging Technologies (E-ISSN: 2044-6004) 43 

Volume 1, Issue 4, December 2010 

[4] Maria I. Restrepo, Susmita Bhandari, and Taikang 

Ning, “Classification of Respiration Episodes using 

Fuzzy Logic” IEEE 2006.  

[5] Bozidar Marinkovic, Matthew Gillette, and 

Taikang Ning, “FPGA Implementation of 

Respiration Signal Classification Using a Soft-Core 

Processor” IEEE 2005.  

[6] Peter Varady, Szabolcs Bongar, and Zoltan Benyo, 

“Detection of Airway Obstructions and Sleep 

Apnea by Analyzing the Phase Relation of 

Respiration Movement Signals”, IEEE 

Transactions on Instrumentation and Measurement, 

Vol. 52, No. 1, February 2003.  

[7] Vladimir Friedman, “A Zero Crossing Algorithm 

for the Estimation of the Frequency of a Single 

Sinusoid in White Noise” IEEE Transactions on 

Signal Processing, Vol. 42, No. 6, June 1994.  

[8] Taikang Ning and Joseph D. Bronzino, “Automatic 

Classification of Respiratory Signals” IEEE 

Engineering in Medicine and Biology Society, 11th 

Annual International Conference, 1989.  

[9] G. J. Gibson, “Obstructive sleep apnea syndrome: 

Underestimated and under treated,”Brit. Med. 

Bull., vol. 72, pp. 49–64, 2004. 

[10] M. Alnowami, B. Alnowami, F. Tahavori, M. 

Copland, and K. Wells,“A quantitative assessment 

of using Kinect for Xbox360 for respiratory surface 

motion tracking,” in Proc. SPIE, 2012, vol. 8316, 

pp. 1–10. 

[11] J. Xia and R. A. Siochi, “A real-time respiratory 

motion monitoring system using KINECT: Proof of 

concept,” Med. Phys., vol. 39, no. 5, pp. 2682–

2685, 2012.  


